ABSTRACT This paper proposes a novel analysis methodology applying bond graph (BG) theory for dynamic systems prognostics, which is realized through the derivation of a mathematical model from physical knowledge using the BG formalism. The graphical formalism allows generating residuals to derive the system degradation model. Moreover, the performance threshold can be determined by stability analysis to predict remain useful life of degraded components. The efficiency of the proposed methodology was demonstrated through a simulation experiment for locomotive electronically controlled pneumatic brake. A leakage fault of relay valve is injected and then predicted. The experimental results show that well performance can be obtained with lower uncertainty, which make the prognostics analysis suitable for engineering application in short of sufficient historic data.
I. INTRODUCTION
Conventional maintenance strategies, such as corrective and preventive maintenance, are inadequate for fulfilling the needs of high cost and availability transportation and industrial systems as a result of increased system complexity in recent years [1] . The growing demand for safety and reliability of modern engineering systems motivate the development of robust fault diagnosis and prognostics algorithms [2] . Condition-based maintenance (CBM) is an alternative that uses a prognostics approach that aims to estimate the remaining time before failure and the risk of future appearance of one or more failure modes in order to enhance system availability, reliability, and safety.
There are two main prediction types to estimate the future state of a system. One aims to predict how much time is left before a failure (or serious fault) occurs given the current system condition and past operation profile, i.e. RUL calculation. The other focuses on predicting the probability of a system continuing to function as it should up to a specific time in the future (e.g., next inspection interval) based on current system conditions and past operation profile [3] . The former, i.e. RUL estimation, is the most widely used prediction method in the industry [4] .
In general, the prognostic methods can be categorized in three main approaches: experience (knowledge) -based, datadriven and model-based prognostic. Model-based prognostic methods are well suited in situations where both the fast dynamics of the subsystem are well understood and the slowtime physics of the degradation of individual component is generally known [2] . The main advantage of using modelbased approach is to gain a more thorough physical understanding of the system being monitored [5] . Further, changes in feature vector are generally closely related to model parameters. Therefore, the model can be adapted to increase its accuracy and the ability to address subtle performance problems become more feasible as the understanding of the system degradation characters. However, establishing degradation and prognosis knowledge of multi-physical fields of a system entails detailed knowledge of many parameters.
To address this issue, a Bond Graph (BG) modeling methodology [6] is proposed, which may construct models of electrical-, magnetic-, mechanical-, hydraulic-, pneumatic-as well as thermal systems. The BG model can also be used to obtain mathematical and graphical representation that form the foundation of monitoring ability analysis [7] (ability to detect and to isolate faults) and supervision system design [8] .
Lots of literatures regarding bond graph to detect and isolate faults can be found in recent years. For instance, Fawaz et al. [9] developed a bond-graph-based fault detection and isolation framework to determine any lock of motion from an actuated robot joint after contact with static obstacles. Touati et al. [10] introduced an alternative method that utilizes the bond graph tool for designing robust fault detection and isolation algorithms in addition to measurement uncertainties modeling. Arogeti et al. [11] developed a bond-graph-based fault detection and isolation framework with a new concept of global analytical redundancy relations. Loureiro et al. [12] proposed an extension of the causality inversion method by different versions of the same ARR to increase the number of isolable faults. Benmoussa et al. [13] presented structural conditions of fault detectability and isolability obtained directly from the bond graph using the properties of the bicausality and the causal path. Niu et al. [14] developed a fault detection and isolation scheme based on bond graph modeling and empirical residual evaluation. However, few researches are paid on failure prognostics using BG modeling, the only related literatures seems from Medjaher and Zerhouni [15] , [16] and Huang and Niu [17] with a little description.
Therefore, this paper suggests and extends a novel analysis methodology on applying bond graph-based prognostics for dynamic systems, which is accomplished through derivation of a mathematical model from the system's physical knowledge by using the BG formalism. This graphical formalism allows generating residuals to derive the system degradation model. Only incipient faults are considered such that the degradation of a component is assumed to exhibit continuous drifts in the parameters. The performance threshold can thus be calculated by stability analysis based on Bond Graph to predict the RUL of the component.
In addition, uncertainty involving prediction also should be considered, which can be classified into four categories [18] , [19] : present uncertainty, future uncertainty, modeling uncertainty and uncertainty quantification (UQ)-method uncertainty. The first two categories are inherent to the prediction using prognostics, while the third category is inherent to the model-based prognostics architecture. The fourth category is inherent to the choice of uncertainty quantification method. In this research, random noise is considered, which belongs to the category of modeling uncertainty.
The rest of this paper is organized as follows. In section 2, a brief description of the background material of bond graph modeling is introduced. Section 3 describes a developed prognostic scheme based on bond graph modeling. Section 4 deals with a simulation experiment of locomotive electronically controlled pneumatic (ECP) brake to demonstrate the effects of the proposed scheme. Finally, the conclusions and future work are given in section 5.
II. BOND GRAPH MODELING
Bond graph [20] is a unified graphical modeling language, which provides, from this point of view, a convenient and useful tool for model builder conception [21] . It is especially suitable for systems that cross multiple engineering domains, such as electrical, mechanical, hydraulic systems by using a set of generic variables: effort and flow. The effort represents voltage, force or pressure, while the flow represents current, velocity or volumetric flow respectively. The product of these two variables is equal to power, which enable the description of complex physical phenomena of the system with several BG basic elements: active elementsčĺsource of effort Se and source of flow Sfčľ, passive elements (resistance R, capacitance C and inertia I), and junction elements (transformer TF, gyrator GY, zero junction 0 and one junction 1).
A Word bond graph defines the multiport components, which usually commences with a bond graph. BG is obtained by decomposing the whole system into several energy domain parts. A single line with a half arrow, representing the power exchanged between these parts, is called the power bond. A dashed line painted on one end of the power bond, which is perpendicular to the bond, represents the causality relationship. The causality determines the signal direction of both the effort and flow on a power bond and the causal mark is independent of the power-flow direction.
Two kinds of causalities exists, one is integral causality (The effort is imposed to I-element and the flow is imposed to C-element), the other is differential causality (The flow is imposed to I-element and the effort is imposed to C-element). To recapitulate on FDI (Fault Diagnosis and Isolation) domain the causality is preferred in differential causality, but in the case of failure prognostic, the causality is preferred in integral causality [22] . These principles are motivated by the fact that in the FDI domain, one looks into the effects of the failure and attempts to trace back the cause of the abnormal phenomenon, which is in accordance with the differential causality (the effect is known information, which is used to calculate the unknown information) on the bond graph model. While in the domain of failure prognostic, one observes the abnormal state of the monitoring system and attempts to predict the failure, which is in accordance with the integral causality (the cause is a known information, which is used to calculate the unknown information) on the bond graph model. Furthermore, in the simulation of the FDI and failure prognosis, the preferred integral causality is needed to simplify the calculation [10] .
III. A DEVELOPED PROGNOSTIC SCHEME BASED ON BOND GRAPH MODELING
In this paper, we developed a novel bond graph-based prognostic scheme as shown in Fig.1 , which contains three main steps:
Step 1: Construct the Bond Graph analytical dynamic models including the nominal model for the health state and mathematical model explaining degradation process.
Step 2: Perform stability analysis and determine a failure threshold.
Step 3: Generate residual and predict degradation of performance. The nominal model includes a set of state equations, which can be obtained by using the bond graph tool [6] . The mathematical model involving degradation analysis is chosen depend on the types of degradation, which can be classified into three main behaviors:linear, concave and convex curves. For model-based prognostics, a failure threshold can be determined through stability analysis of nominal model behavior. At the other side, the output of the nominal behavioral model is compared to the output of the mathematical model including the degradation mechanism to generate residuals which are used for anomaly detection and fault diagnosis. When an alarm is triggered, the performance degradation can be predicted referring BG-based failure model and remaining useful life can be calculated.
A. MATHEMATICAL DEGRADATION MODELS
The degradation phenomenon can be classified into three main categories [23] : linear, concave and convex degradation.
In the category of linear degradation models, pneumatic wear and hydraulic resistance variation are the most typical degradation phenomenon. And the degradation can be expressed by the following linear equation:
where, D is the wear rate and C is the material parameter. In the category of concave degradation models, ParisErdogan law [19] is the most widely used model to stand for the degradation phenomenon of crack growth by fatigue and it can be interpreted by Eq. (2):
where, n is the number of constant's cycles, θ is the crack length, K is the stress intensity, C and γ are the material parameters.
In the category of convex degradation models, corrosion and erosion mechanisms in printed circuits, which may lead to short circuits, are considered as an example. Such type of degradation phenomenon can be modeled by the following two equations:
where, A 1 and A 2 are quantity of chlorine (Cl) and chlorine of copper (CuCl) respectively, and k 1 is the transformation rate of chlorine (Cu) to chlorination of copper (CuCl).
The choice of degradation model depends on what kind of the degradation phenomena one intends to take into account in a real monitoring system that depends on the reality analysis in advance. The considered degradation mechanism that can help to determine the category of degradation will then be represented in the mathematical model of the system. Finally, the deduced mathematical model coupled with the nominal behavioral model is used to generate residuals.
B. FAILURE THRESHOLD BASED ON STABILITY ANALYSIS
The failure threshold can be determined referring performance criteria, such as: stability of the system (finding a point where the system from the stable to unstable); the final value of the system (choosing an acceptable value of the system's response) and system's precision. Usually, the stability of the system is considered to be more important than its final value and precision [24] . Therefore, stability is selected as a prime failure threshold in this paper. It can be determined from bond graph analysis by the following steps:
Step 1: Build the bond graph model in preferred integral causality of the system.
Step 2: Define the inputs, the outputs and the state space variables of the system.
Step 3: Derive the BG equations, including junction equations, TF and GY equations, and constitutive elements' equations.
Step 4: Combine all the BG equations to get the state-space equations of the system.
Step 5: Analysis the stability and obtain the failure threshold by using control theory.
C. RESIDUAL GENERATION AND DEGRADATION PREDICTION
Residuals are signals, which reflect inconsistency between the actual and nominal behavior of an operating system. The residuals should be close to zero when the system operates under its nominal operating condition, and show significant values deviations (increases or decreases) when the operating condition of the underlying system changes, which may be a consequence of fault occurrence. The check for inconsistency needs some form of redundancy. There are two types of redundancies, namely hardware redundancy and analytical redundancy [25] . In this paper, we adopt the latter to generate residuals. An ARR is obtained from an overdetermined system of equations, i.e. the number of equations is greater than the number of variables in the system. ARRs are then expressed by known variables such as inputs, sensor measurements and physical parameters. Usually, an ARR is interpreted by the following expression:
where, K is a set of known variables, a residual r (t) is the numerical evaluation of an ARR:
The residual generation is a procedure for constructing the Analytical Redundancy Relationships (ARRs) using system model. There are two existing BG-based methods to generate symbolic ARRs. One is Causality Inversion method, the other is Covering Path method, which generate symbolic ARR equations respectively by scrutinizing the constitutive relations of all BG junctions and the causal paths associated with the junctions. In bond graph modeling, the procedure of generating ARRs is summarized in [26] .
Let α 1 , α 2 , α 3 . . . α n be the set of physical parameters of the system which are involved in its dynamic model and in the corresponding residuals. The residual equation given in Eq. (6) can then be re-written as:
By inverting the Eq. (7), the actual value of the degradation of the physical parameter can be evaluated. For example, in the case of the degradation associated with the parameter α 1 , its evaluation can be calculated by the following equation:
During this step, the output of the nominal behavioral model is continuously compared to the output of the actual operating system (model) to detect whether the fault starts to occur. When a fault is detected and diagnosed, the process of prognosis is launched to predict the degradation trend. Finally the RUL can be calculated according to the predetermined failure threshold and Eq. (9) as:
where, t 0 denotes the time that a fault is detected, t f is the time of degradation reaching failure threshold.
IV. SIMULATION DEMONSTRATION FOR THE DEVELOPED PROGNOSTIC SCHEME A. DESCRIPTION OF SYSTEM
The electronically controlled pneumatic (ECP) brakes are the kernel device of the entire systematic locomotive as shown in Fig.2 . In general, locomotive ECP is comprised of pneumatic equalizer control (PEC) unit, switching value input unit, switching value output unit, analog value input unit, relay unit, pulse-width modulation (PWM) control unit, multifunction vehicle bus (MVB) communication unit and power management unit supplying power for all the components etc., among which, the PEC unit (see Fig. 3 ) undertakes the vital control tasks, and is chosen for this simulation experiment to valid the proposed scheme. The function flow of the PEC unit is given in Fig.4 . 
B. BOND GRAPH MODELING AND DERIVATION
Based on the developed failure prognostic scheme in this paper, a simulation experiment is performed. The test object VOLUME 5, 2017 is a PEC unit of locomotive ECP brake. The basic specifications of them and corresponding element types in BG mode are shown in Table 1 .
1) RESIDUAL GENERATION BY DIFFERENTIAL CAUSALITY
Bond graph in differential causality of the PEC unit is given in Fig.5 . A model approximation method [27] , which adds R components to the graph to reduce the analytical redundancy of the model without reducing the monitoring ability of the system, is introduced. In this experiment, residuals are generated from the corresponding ARRs, which are derived from the bond graph by eliminating unknown variables. 
where, C q is flow rate constant and usually setup as 0.6 by experience, h is air thermal parameter, A is crosssection areas of valve, R g is gas constant, De represents the value of pressure sensor, Df represents the value of flow sensor, e means air pressure, and f stands for air flow rate.
From the above residuals, the faults signature matrix (FSM) can be deduced as shown in Table 2 . Under a residual row, a '1' in an entry indicates that the residual is sensitive to the fault of the corresponding parameter; whereas, a '0' in the entry represents that the residual is insensitive to the fault of the parameter. If at least a 1 appears in the fault signature of the component, then the parameter is said to be fault detectable. This ability is represented by D b = 1 in the matrix. When the fault signature of the parameter is unique, then the parameter is said to be fault isolable. This is denoted by I b = 1.
2) PERFORMANCE THRESHOLD BY INTEGRAL CAUSALITY
Once a fault is detected and diagnosed, RUL of the growing failure can be predicted. That needs to determine a performance threshold. For BG-based prognosis, a Bond graph in integral causality of the PEC unit should be given as shown in Fig.6 which corresponds to the differential causality in Fig.5 .
The equations derived from the junctions '0', '1', and transformers 'TF' of the bond graph model shown in Fig.5 are given below. 
The constitutive equations of the bond graph elements in Fig. 6 are given in equation (19) . (20)).
In this equation, the dimension of the state vector x is equal to three.
where, q 7 denotes the volume of the capacitive component C 6 , q 13 is the volume of C 7 , q 17 is the volume of C 8 , E (t) represents the input of the system and corresponds to the value of main-air pipe S e , and y denotes the output of the system and corresponds to the value of train pipe.
To analyze the influence of the relay valve on the PEC unit's stability, the poles of the transfer function was calculated by setting R 1 as the unknown variable and other system parameters as the known variables. Then the necessary and sufficient condition of the poles, i.e. less than or equal to zero, is deduced as 0 ≤ R 1 ≤ 23.
3) DEDUCE DEGRADATION INDICATORS
In this experiment, a relay valve fault is simulated and Bond Graph model-based diagnosis and prognostics is conducted, i.e. Assuming the values of r 2 and r 3 are numerically unusual and the values of the rest residuals are within the normal range, it is indicated that the relay valve (R 1 ) is failed matching Table 2 .
Several types of physical degradations can be involved in relay valve faults: a deposit of sediments in the relay valve, incipient leakage from the relay valve, cavitation phenomenon, etc. Here, an incipient leakage is taken into account.
While multiple sources of incipient leakage may exist, the aging of the physical properties of rubber seals and the fatigue damage of the reset spring can explain the main causes. In general, the fatigue damage of the reset spring is a typical relay valve fault, which often leads to leakage failure.
Combined with the categories of the degradation phenomenon, the pressure degradation of the relay valves is expressed as:
where, t 0 is the initial time when degradation begins, A represents the pressure of the relay valve at t 0 . λ denotes the degradation rate of the relay valve's pressure, and falls into the range between −0.0005 and −0.0015. The normal value A is 500Kpa with varying uncertainties of 10Kpa (Table 1) . By inverting the corresponding residuals r 2 and r 3 , the indicators of the degradation of the relay valve are deduced as:
C. DESCRIPTION OF SIMULATION
After determining the degradation indicators and performance thresholds, RUL can be evaluated. A block diagram of the behavioral model and mathematical model including the degradation process was created in Matlab R Simulink R environment, as shown in Fig.7 . It models the EPC operation holding automatic air-pressure level with a normal working pressure at 800Kpa for the main air pipe. The simulation process lasted 800 seconds with sampling rate 2 samples per second, among which, a simulated degradation of Relay valve (R 1 ) 'pneumatic leak' was injected in the pipe position connecting main air shut-off valve and vent valve at the time no.100s. The degradation of relay valve pressure is expressed following the Eq. (22), here, t 0 = 100s, λ = −0.001. The injected degradation was propagated along the BG model in the block diagram, and the response outputs of each detector were recorded. The other two block diagram of the prediction model based on Eq. (23) and (24) were also created to evaluate the degradation profile, as shown in Fig.8 and Fig.9 respectively. The inputs of the two figures were the signals detected from the outputs of the Fig.7 . Given a random value A = 500.1675 under normal distribution, the degradation trends are predicted according to (R 1 (r 2 )) and (R 1 (r 3 )). Then RULs can be evaluated respectively for the two indicators as shown in Fig.10 and Fig.11 .
Since A falls under a normal distribution, the real RUL also exists with a form of probability distribution. The uncertainties in the estimation of the RUL must therefore be considered. In this research, the uncertainty from random noise is investigated.
According to the Eq. (22), which interpreters the degradation phenomenon of the relay valve, the normal value A is 500Kpa with varying uncertainties of 10Kpa when random noise is considered. The frequency distribution histograms of the RULs predicted by R 1 (r 2 ) and R 1 (r 3 ) and are shown VOLUME 5, 2017 in Fig.12 as the result of 100 times of random iteration test of A through Monte Carlo simulation. It can be seen that the two distributions are similar. Since the distributions are approximate symmetrical, statistical analysis is adopted to obtain the mean value and 95% confidence interval of RUL, which is shown in Table 3 .
Furthermore, the normal value λ is given as −0.001, with varying steps −0.0005 of uncertainties, as test parameters. The generated frequency distribution histograms are shown in Fig.13 , as the result of 100 times of random iteration through Monte Carlo simulation. The RUL mean value and 95% confidence interval obtained from the statistical analysis are shown in Table 3 .
V. CONCLUSIONS
This paper develops a novel prognostic scheme for dynamic systems on the basis of Bond Graph modeling. This proposed methodology is designed for such systems which analytical dynamic model and degradation model are known. The performance of the developed scheme was validated through a simulated case on failure prognostics for a pneumatic equalizer control unit of a locomotive electronically controlled pneumatic brake. The results of the simulation experiment showed that the satisfied performance of failure prognosis can be obtained with low uncertainty.
There are still some challenges to be resolved for details of the scheme. Bond graph modeling is not a trivial task for any complex system, and whole physical knowledge must be known beforehand. Moreover, the threshold of performance is still yet to be improved by advanced analysis. The future experiment validation will be carried around semi-physical simulation and test-rigs. 
